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Abstract: A multiscale binary channels filter banks (MBCFbank) feature extraction algorithm
based on variational modal decomposition (VMD) is proposed to address the issue of poor speech
recognition caused by insufficient extraction of effective feature information from speech of
patients with dysarthria. Firstly, in order to better extract the acoustic features that conform to the
structural characteristics of human ears, a binary-channels filter banks (BCFbank) feature
extraction algorithm is proposed, which uses Mel filtering and performs logarithmic
transformation, simultaneously using Gammatone filtering to perform nonlinear loudness
transformation. Secondly, VMD is used to optimize the BCFbank features. Three components
with higher correlation coefficients are selected from the decomposed multiple speech signal
components, and their BCFbank features and differential features are extracted respectively. At
the same time, BCFbank features are extracted from the undecomposed speech signals to form
the MBCFbank feature map spectrum. Finally, training and recognition are conducted on a dual
channel speech recognition model. The experimental results show that the speech recognition
model based on BCFbank features and MBCFbank feature maps has the highest accuracy of
87. 82% and 94. 34%, respectively, which is superior to the recognition effect of Fbank features.
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Fig. 2 MBCFbank feature map extraction flow chart
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Fig. 3 A CNN based binary channel speech recognition model for dysarthria

DSC 243 P8 4 2 5 5 B 7279
SN G BZ I (T BUEHE , P
S RIS U 35 R 5 0 2R D

—if, A A AR BE % U D R S B I
) 24 A5 700 5 A TP ) 2 B0 D) R R R R R P R a8
B E 2R DSCEE/INE 4 ik .

MARIER | wrpr || #5— | |ReLUMK| | A% || #t5— || ReLUN | MHASIER
T T BEE[T] wR [T|EEk || BR[| R [T BEK
E4 RETHBELEMEHE

Fig. 4 Deep separable convolutional structure diagram

CTC I AE T Bt 8 S IR B f , ot
AR T FR R 22 4 3 R A1 3 U X 2%
BERVYI 25 2 5 55 LS A0 3 e 18 15 5 Jn s
Z A 25 0 A T — AR B A i o

A5 i A ) B U 990 KT L i S 3
FFINN X=(x x5, x) FL Y =(1,350 o p0),
W TR E R T A NG K s x, £ i NN
1FENIMTE S T8 U o a8 e 50 8 1 A48
v e LFNE B i 4 5 L Fon i il 5 5
4. CTCHIA T — MUK A F Y “blank” Bk
Y7L XN CTCHRBEN =(n,, 705, - 7;), B
A CTC R MM T LUK RN

P(x| X):HP(H,\ X,).

H T YRENS 5 22> XS R, TR FH 4wk Y
CTCH R IBARMARIIR YRR, AT LIRIR H

=1

(13)

Table 1

P(Y|X)=> _ P(p|X). (14)

Horpr BR8] YRR —FPC R

4 SEEREE B
4.1 HMFEBESHIBERE

ARSI R T UA-Speech B 48 i # 25 pis
MG R ER R PR T 124 861
B A R 5z K E (MOo1, M04, M05, M06,
M07,M08,M09,M10,M11,M12,M14 FI M16) Fl
3 44 FRAT RE S A ) Lo 32 103 (F02, FO3 AT F04)
TS S B R AR i 1 6 264 AN A
A AN AR R AL B 216 MREAS Pl e 4
T4 640 MEEFEA, MHAEA S 1 273 MBS
A R 351 MBS R A IE SRR
Yk ML JIEE P A S E A .

MERFEERFTERE

Pronunciation corpus of patients with dysarthria

R BR

al

54l ESCAPE,LEFT,LINE,PARAGRAPH,PASTE,RIGHT, SHIFT,SENTENCE, TAB,ALT, BACKSPACE,
fir 2] COMMAND,CONTROL,COPY,CUT,DELETE,DOWNWARD,ENTER , UPWARD

U7 ¥R ZERO,ONE,TWO,THREE,FOUR,FIVE,SIX,SEVEN,EIGHT,NINE

10




798 FAKFFHR(A A FR)

% 45 %

4.2 1§

ARSCHEATAE B B i U SE 8, 4 R I 2
FTI AT 43, U 2k B B I 25 55040 4 g iiE
BHRAE UEAT T SRR | 2 BUR L A R IR S 405
AT CNN 1Y XU 2 B i 1 2 DR ) A 8 o i
TN Rt % By BOG I Zrim 22 A TR BE R B
ez 2] AT R AL EE S50, TR I 25 558 24
IR Z AR S5 AT 0025 B0, R AR A
FE BT B DR AR TR S50 K B B S B ol 4
HEAT T FRHERAE SR BURRE S80S TR SR b i ih
BB R b AT TR S, DLt A 3 7
RO LA N RTINS P E R SRR i
LRSI R AN A 5 s

QS SEs

A ~— (R )
AHAESREL
BEME i
FETCONNBO & a4ty
2 = RS Gaaasi
AT A iﬂﬂﬂiﬁii zﬁéiaaau

E5 RREE
Fig. 5 Experimental flow chart

S o R R A Y 2 T CONIN IR LIS A4 7 i
i i UM AL DL 1] 3, A B i CNIN S B 7 B
R H N BRZ 44 WAL )R filters 5
pool_size 43 #] % B N 16,32, 64, 128 5 2; H i
CNN+DSC 3¢ # 1 B2 1 75 6 M EUZ 8N
BERT 4y B R 2 4t AL 2 | filters 55 pool_size
Oy E N 8,16,32, 64,128 55 25 [ IF R I
PREUCH ReLU A softmax pREL, L1k %% 7 Adam , 15
WAt — 12

AR SR FH AR 50 ME B >R (word recognition
accuracy , WRA ) X 14 ¥ [ i 18 7 PR ROR 47
PEMY, AT LLRIR N

PR RN

T e B
4.3 KWEREHH

BETEAN [A] 75 27 RE R S 88053 I TE AN T[] 9 245 A5
A AT IR RNA 5 e A R S 56 X6 B, R
6 JIF A 3C BT 45 9 BCFbank 5 1IF 12 B 5= DL M
MBCFbank 7 fiF & 15 $2 B8 3% A 2Pk, I 5
MFCC } Fbank FEAE NSO IE1T HLEL

AN TR R 75 2E R AE LA R AS [R] 14 P 28 B 7R | Lk
e

FEAE 12120 4E 1) Foank 45-4F 5 FRAF 2: 120 41

WRA =

x 100%. (15)

BCFbank $#1iF ; £#11F 3 : 120 4 ) MBCFbank $#1iF
B35 A B — B 22 40 35 43 5 R AE 4: 120 4E )
MBCFbank ¢ it ¥ 3% ; #§ 1E 5: 39 4 (1) MFCC
FHIE .

PR 1 FA K CNIN B s A58 22 B K CNIN+
DSC A 5 A5 3, BT CNN Y XU 4 5 P A 1
Epvillieiie

ANTRI 75 22 R AR AR 3R = o 25 A AR - iR
WA X LN 2 fis , % T 15 4440 3 B A iR
(A ) 75 2 A AE AR TR 2 S5 A8 3 b A3 2 L1
SEHXT LN 3~3R 4 P

F2 SHMIFEAERRER FHIRRIER

Table 2 Recognition results of five features on
different models

i WRA/%
FHE — — —
R | FEEI 2 7 3
FRAE 1 83. 74 84. 45 85.47
FFAE 2 85.94 86. 49 87. 82
FHIE 3 91.52 92. 14 93.48
HFIE 4 92. 69 93.24 94.34
FFIE S 69.91 70. 78 71. 88

®3 15 ZBEM4MEFEEER 2 FRYIRANER
Table 3 Recognition results of four features from 15
patients on model 2

FyERE T I WRA/%

HEE  KF/% FREL RHE2  FRRE3 FRE4
MO04 2 71.76  77.65 85.88 87.06
FO03 6 79.31 84.48 89.66 91.38
M12 7 74.12  76.47 88.24 89.41
MO1 15 70.59 69.12 83.82 85.29
MO7 28 88.37 90.70 95.35 93.02
F02 29 84.75 89.83 94.92 94.92
MO06 39 86.59 86.59 93.90 95.12
M16 43 87.80 82.93 91.46 93.90
MO5 58 90.24 92.68 92.68 95.12
Fo4 62 85.71 87.30 93.65 95.24
M11 62 86.42 88.89 91.36 92.59
M09 86 84.30 91.74 95.04 95.87
M14 90 92.77 93.98 95.18 96.39
MO8 93 89.34 90.98 94.26 95.90
M10 93 93.10 93.97 96.55 97.41

FH 2R 2 AT AR 4 ZERE D 3 1 (R L) IR i 1
TR R A F I8 F T 94.34% , AHXFHRAE 5 R AE
1VRRAE 20 R 1E 3 40 5l 48 T T 22.46%, 8.87%,
6.52%,0.86%, R 4 FERLHY 3 I SR IR A%, A L
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Table 4 Recognition results of four features from 15
patients on model 3

FE I T WRA/%

BE  KF% HRE1 FHE2  SRE3 4RHE4
MO04 2 72.94 78.82 87.06 88.24
FO3 6 81.03 86.20 91.38 93.10
M12 7 75.29 77.65 89.41 90.59
MoO1 15 70.59 70.59 85.29 85.29
MO07 28 90.24 91.86 96.51 94.19
F02 29 86.44 91.52 96.61 96.61
MO06 39 87.80 89.02 95.12 96.34
M16 43 89.02 84.15 93.90 95.12
MO05 58 91.46 93.90 93.90 95.12
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Fig. 6 Recognition results of patients with different
speech intelligibility under different features
(model 2)
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Fig. 7 Recognition results of patients with different
speech intelligibility under different features
(model 3)
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Table 5 Comparison of the method with other
mainstream methods
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